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Safe harbor statement

The following is intended to outline our general product direction.
't is intended for information purposes only, and may not be
incorporated into any contract. It is not a commitment to deliver
any material, code, or functionality, and should not be relied upon
in making purchasing decisions. The development, release,
timing, and pricing of any features or functionality described for
Oracle’s products may change and remains at the sole discretion
of Oracle Corporation.
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“Hello, how are” » AFIESEET)) wp ‘you’

“Hello, how are you?”
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“Queen” = [0.3, 09]
‘King” = [0.5, 0.7]
“Woman" = [0.3, 0.4]
“‘Man” = [0.5, 0.2]

o

“Queen” [0.3,09]

“Woman”[0.3,0.4] @

@ King’[0.5,07]

@ ‘Man' [0.5,0.2]
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Blueprint for an Al Bill of Rights

AI*E*'JE& (AERIEFE)

Safe and effective systems (ZE2 TR ATL)

You should be protected from unsafe or ineffective systems.

« Algorithmic discrimination protections (Z)JLJUXAICLBZERINS
DIRE
You should not face discrimination by algorithms and systems should be used and
designed in an equitable way

« Data privacy (7—=9D7T31//)\3—)
You should be protected from abusive data practices via built-in protections and you
should have agency over how data about you is used.

« Notice and explanation (G@%01&£E%ER)
You should know that an automated system is being used and understand how and
why it contributes to outcomes that impact you.

. Human alternatives, considerations, and fallback (AEIDOKE
7|<\ %FE:% P %1%)

You should be able to opt out, where appropriate, and have access to a person who
can quickly consider and remedy problems you encounter

BLUEPRINT FOR AN

Al BiLL OF
RiGHTS

MAKING AUTOMATED
SYSTEMS WORK FOR
THE AMERICAN PEOPLE

OCTOBER 2022

x
*
*
*
) o
»*
%
X
X
X




Ronin's Solution: Al System for
Predicting Acute Care Usage

RONIN

Collaborating with researchers at the top cancer center in the United States,
Ronin has developed an advanced Al system that includes a machine learning
(ML) model to predict acute care usage in a population of over 28,000 oncology
patients. Leveraging 141 routinely-collected data elements from the electronic
health record, the model requires no manual data entry or chart abstraction by
clinicians. These data elements encompass patient demographics, staging, labs,
EOM comorbidities, medications, symptoms, social determinants of health, and prior

E | eCt rO n | C Ca re healthcare utilization including insights from clinical notes extracted using NLP

Capture . . . . .
apture (Natural Language Processing). By analyzing this comprehensive dataset, Ronin's

Hea |th Patient

Data Tea m Al system can accurately forecast which patients are most likely to require acute

Re C O rd care services in the near future.

https://www.projectronin.com



https://www.projectronin.com/

S{FH3AI — Project RONIN

https://www.projectronin.com/blog/revolutionizing-oncology-care-with-artificial-intelligence-predicting-acute-care-usage-
in-cancer-patients

3
ROnin Cloud

Algorithm Refinement

Legend

ML Pipeline Development Proactive

P Model monitoring
Training Featurization Development & _
Data Training Safety audit
e ——

Performance decision point
Batch date P Evaluation _
Live data ~—] Data transformations

Testing and ML algorithms
Data

~—

Production Promotion

Production
Data Quality
Assessment
Trained ML Automated
Pipeline Alerting
Model Quality
Inference & & Fairness

Evidence Assessment

Clinician-facing
Patient Portal
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https://blogs.oracle.com/ai-and-datascience/post/improving-cancer-care-ai-bill-of-rights
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https://www.bmj.com/content/377/bmj-2022-070904
https://www.fda.gov/media/109618/download
https://www.fda.gov/media/109618/download
https://www.gov.uk/government/consultations/consultation-on-the-future-regulation-of-medical-devices-in-the-united-kingdom/chapter-10-software-as-a-medical-device
https://www.gov.uk/government/consultations/consultation-on-the-future-regulation-of-medical-devices-in-the-united-kingdom/chapter-10-software-as-a-medical-device
https://www.nature.com/articles/s42256-020-0186-1
https://www.nist.gov/itl/ai-risk-management-framework/ai-rmf-development
https://www.coalitionforhealthai.org/papers/blueprint-for-trustworthy-ai_V1.0.pdf
https://www.fda.gov/files/medical%20devices/published/US-FDA-Artificial-Intelligence-and-Machine-Learning-Discussion-Paper.pdf
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https://blogs.oracle.com/ai-and-datascience/post/improving-cancer-care-ai-bill-of-rights

How the Algorithm Works This model has analyzed 9,000 patients at your facility. We found 200 patients with similar characteristics that we have used as a

reference for this patient: Renee Salazar. This prediction is based on the outcomes of those 200 individuals.
Close Detalls

Largest Impact on Risk Patient Comparison Breakdown
[102] attributes were evaluated in this risk index. The 10 How this patient compares to 200
attributes with the largest negative impact on this patient’s risk patients with similar characteristics.

are shown in this chart

Overall

Immunosuppressants

Number of previous ED visits

Population Transportation Access e TVos i dicatin
Recent Symptom (Nausea/Vomiti... Treatment Cycle
Diabetes (Uncomplicated)

Hypertension

T Stage (Pathologic)

Days since last ED visit

Race

Recent Symptom (Fever)
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https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10287624/
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https://blogs.oracle.com/ai-and-datascience/post/improving-cancer-care-ai-bill-of-rights
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https://www.healthcareitnews.com/news/how-ai-and-nlp-can-boost-care-remote-patient-monitoring

Q. Where does natural language processing fit into the whole process?

A. Health data is extremely complex. It's structured in some sense, but very poorly structured in another sense, and it's evolved over time.

One thing we still find is that, no matter how much effort we put into standardizing the structure of the data, is that EHR vendors still have differences in how the data is
shared. Also, the percentage of data in the EHR that is actually plain text is astonishing, and we have seen publications that put that number above 80%.

Using natural language processing to be able to extract features out of that data, even structure that data so that it can be used in machine learning models, is critical to

obtaining information from that data. Natural language processing is really a necessary step in order to bring structure and meaning to the data that we have in the medical
record.
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EZ{F1%E:2%8 | Data Lineage (—49%5%1)

8 Managed Table:bank_customer_details e
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Show property panel
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https://blogs.oracle.com/cloud-infrastructure/post/where-did-the-data-come-from-data-lineage
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Natural Language Processing

« Text Classification

« Sentiment Analysis

« Key Phrase Extraction

« Translation

« [anguage Detection

« Named Entity Recognition
« Semantic Parsing

« Personal Indefinable Information
« Named Entity Recognition
« Question Answering

« (Casual Language Modeling

« Key Value Extraction
« Embedding

Tabular

« Anomaly Detection « Speech to Text
Scoring
Forecasting

Computer Vision

« Image Classification

« Document Classification

« Object Detection

» Optical Character Recognition
« Depth Estimation

« Image Segmentation

Multimodal

« Image to Text
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Cloud for Japan
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FOCUS Al & ML for Customers

MEASURES
) BEBORDOATENEE




